PNAS

WWW.p1Nas.org

Supplementary Information for

The extent of soil loss across the U.S. Corn Belt
Authors: Evan A. Thaler, Isaac J. Larsen, Qian Yu

Correspondence to: ethaler@geo.umass.edu

This PDF file includes:

Materials and Methods
Figs. S1to S17

Table S1

Data availability statement
References for Sl citations


mailto:xxxxx@xxxx.xxx

Materials and Methods

Initial condition of the soil organic carbon index

Our interpretation that the exposure of soils with low soil organic carbon (SOC)
concentrations on convex hilltops indicates a SOC-rich A-horizon was eroded relies on the
assumption that hilltops in the Corn Belt maintained a layer of SOC-rich soil prior to cultivation.
Native prairie remnants record the pre-disturbance soil catena (1), but the permanent vegetation
cover in the prairie precludes application of the satellite-derived soil organic carbon index
(SOCI) (2) to assess the distribution of SOCI throughout the prairies. Hence, we collected soil
cores from hilltops in a native prairie in lowa to directly measure the SOCI for the prairie soils
and then compared the SOCI values to soil samples collected from the surface of hilltops in an
adjacent agricultural field (Fig. S1). Each soil sample was dried, sieved to <2 mm, and the
spectral reflectance was measured using an ASD FieldSpec 4 with a Muglight attachment. SOCI

for the samples was calculated from the spectral reflectance data following (2).

The three cores collected on convex topography (Fig. S1a-b) in the prairie display high
SOCI values at the surface that decline with depth (Fig. S1c-e), consistent with previous
measurements of SOC-depth profiles (3). The mean SOCI value for the uppermost 1 cm in the
prairie samples is 6.5, and the high SOCI values in near-surface soils is consistent with our
assumption that hilltops in native prairies had SOC-rich A-horizon soils prior to cultivation. On
the three sampled hilltops in the adjacent agricultural field (Fig. S1f), the mean SOCI value of
the ten surface samples is 2.4, which corresponds to SOCI values for the 30-40 cm depth interval

of the prairie soils, suggesting an equivalent thickness of soil has been lost from the hilltops.

Topographic analysis




LiDAR topographic data were downloaded from the USGS (4) and from individual state
data repositories. To determine the appropriate resolution for measuring topographic curvature
(7?), we calculated curvature from test digital elevation models (DEM) with resolutions that
varied from 2 to 15 m in 1 m increments. For each grid size, curvature values were extracted
from a polygon containing a hilltop, hillslope, and hollow, and the interquartile range (IQR) (25%
to 75" percentiles) was calculated (Fig. S3). We find that the IQR of curvature decreases with
increasing grid size, indicating greater terrain roughness at lower grid sizes. At the 4 m grid size,
there is a break in the scaling, such that the IQR of curvature shows relatively little variation with
increasing grid size. Following prior work (5), we interpret the scaling break to differentiate
between landscape-scale hilltop-hollow topography and smaller-scale topographic roughness
generated, by, for example, plowing. Hence we resampled the LiDAR-derived DEMs to a 4 m
spatial resolution to capture the landscape-scale hilltop and hollow topography in our analyses.
Slope and topographic curvature values were calculated as the first and second derivative of
elevation, respectively.

Cumulative distributions of topographic curvature were extracted from all of the analyzed
fields within each of the 28 individual study sites (Fig. S15) and for the region-wide dataset by
first binning the curvature data into 50 bins of uniform width. The median slope values shown in

Fig. 3 were calculated for all the pixels located within each curvature bin.

Image processing

High-resolution satellite images (WorldView-2, WoldView-3, Quickbird-2, and GeoEye-
1) provided by the Commercial Archive Data for NASA Investigators (6) or the Polar Geospatial

Center were orthorectified using the rational polynomial coefficient orthorectification workflow



in ENVI 5.4. The images were radiometrically corrected using an empirical line correction
method (7). A clear water pixel and an aluminum metal roof pixel were identified and calibrated
against the known reflectance of distilled water and aluminum metal roofing using data from the
ASTER spectral library (8). The SOCI was calculated for each image and the resulting rasters

were resampled to a spatial resolution of 4 m to match the resolution of the curvature grids.

Relating laboratory- and satellite-derived SOCI

The Rapid Carbon Assessment (RaCA), undertaken by the Soil Science Division of the
USDA National Resource Conservation Service, collected 144,833 soil samples to 1 m depth at
6,148 sites in the conterminous United States (9). The soil horizon each sample was collected
from was determined in the field, and the samples were air-dried and hyperspectral reflectance
was measured from 350-2500 nm using a laboratory spectroradiometer and SOC was measured
on the dry samples (10, 11). We scaled the RaCA-derived SOCI values to the same range as the
satellite-derived SOCI values, which are offset from one another due to different measurement
conditions, such as atmospheric effects. The re-scaling used the relationship in Figure 5 of Thaler

et al. (2), and the methods described therein.

Antecedent precipitation and surface soil moisture

Previous work has demonstrated that the soil surface dries rapidly following precipitation
and becomes decoupled from soil moisture at depth (12). Hence we evaluated the timing and
magnitude of precipitation prior to image acquisition for each of the 28 sites to qualitatively
assess whether the soil surface, which is imaged by the satellites, was likely to have been dry at

the time of image acquisition. For each site, precipitation data were downloaded from the nearest



weather station that is part of the Hourly Precipitation Dataset, archived at the National Climatic
Data Center. At the 28 sites, the minimum time between image acquisition and previous rainfall
was 20 hours, with a mean of 73 hours, and the mean amount of precipitation was 10 mm (Fig.
S9). Previous observations have indicated that the soil surface becomes completely dry after
three to four days (12), and our own observations throughout the study area suggest a faster
drying rate, as even following nightly rainfall, the soil surface is typically dry after a full day of
summer sunlight. These results suggest the soil surface would have been dry when the cloud-free
images were acquired. The predicted B-horizon exposure at sites where rainfall occurred < 72
hours and >72 hours before image acquisition are 31+7% and 30£7%, respectively. Hence the
predicted B-horizon exposure is indistinguishable for sites with different rainfall timing which is

consistent with a lack of a soil moisture influence on our results.

Effect of moisture on the SOCI

Increases in SOC and soil moisture result in decreased reflectance in the visible spectrum
and cause soils to appear darker (13). We assessed the effect of soil moisture on the SOCI for
soils with a range of SOC by measuring soil spectral reflectance under dry and saturated
moisture levels. The spectra used to calculate the soil organic carbon index values were
measured using an ASD FieldSpec 4 with a Muglight attachment. Soil organic carbon was
measured using a Costech elemental analyzer (ECS 4010) following removal of inorganic carbon
with 1 N HCI. We found that the magnitude of the increase in the SOCI as a function of soil
moisture is related to the SOC concentration of the sample. For samples with the largest
concentration of SOC (~4%), there is a factor of four increase in the SOCI, whereas the SOCI

increases by a maximum of a factor of three for samples with < 1% SOC (Fig. S10).



The spectral measurements of RaCA soil samples used to develop the logistic regression
analysis that informed our classification of A- and B-horizon soils in the satellite images were
made on dried soils. We assessed the impact of soil moisture on the classification of soil
horizons by adjusting the SOCI values for the RaCA samples according to our experimental
results. For A-horizon samples, which have a range of SOC from ~1.0% to 9.0%, the SOCI
values were conservatively increased by a minimum factor of three and a maximum factor of
four. Similarly, B-horizon samples, which have a range of SOC from ~0.5% to 2.5%, the SOCI
values were increased by a minimum factor of two and a maximum factor of three. In our
framework, samples with SOCI values less than the value represented by the 50% probability
threshold are classified as B-horizon. For each set of RaCA calibration samples for the 28 study
sites, we recalculated the classification threshold for five soil moisture cases: 1) the minimum
effect of soil moisture on the A-horizon SOCI values and dry B-horizon values, 2) the minimum
effect of soil moisture on both the A- and B-horizon SOCI values, 3) the maximum effect of soil
moisture on the A-horizon and dry B-horizon SOCI values, 4) the maximum effect of soil
moisture on the A-horizon and the minimum effect on the B-horizon SOCI values, and 5) the
maximum effect of soil moisture on both the A- and B-horizon SOCI values. We simulated a
variety of scenarios because topographic influences on soil moisture may result in different
moisture levels throughout a landscape. The thresholds were applied to images for each to the 28
study sites and the fraction of the land area with exposed B-horizon soil was calculated (Fig.
S12). Increasing soil moisture increases the A- and B-horizon SOCI values and hence increases
the threshold SOCI value, such that samples classified as A-horizon when dry are classified as B-
horizon when wet (Fig. S11). When the moisture-adjusted thresholds are applied to the images,

the fraction of pixels classified as B-horizon increases relative to the threshold developed using



the SOCI values from dried soil samples. Because the SOCI values in the image are lower than
the predicted values for moisture-adjusted sample values, the thresholds calculated using samples
adjusted for soil moisture reclassify A-horizon pixels as B-horizon. Hence, our estimate of
topsoil loss based on the threshold developed using the dry RaCA samples is a minimum if any

moisture is present in the analyzed fields.

Relationship between SOC and the SOCI

The relationship between SOC and the satellite-derived SOCI was validated at five
agricultural fields across the U.S. (Fig. S13). Two of the sites are in areas with till-derived soils
(Fig S14a, d), and the two other sites are in areas with loess-derived soils (Fig.14b, ¢) within the
Corn Belt region (14-16). At the four sites, the coefficient of determination (R?) ranges from 0.63
to 0.68. The relationship was also validated at a fifth site (R? = 0.72), located in Maryland (Fig.
S14e) (17), which demonstrates the validity of the index beyond the Corn Belt region.
Additionally, the correlation between the SOCI and the SOC was assessed for each set of RaCA
soil samples within a 50 km buffer of each of the 28 field sites. The mean R? value of the
correlations is 0.8 (Fig. S6), indicating that the SOCI predicts SOC very well within the study

area.

Relationship between SOCI and topography

The relationship between SOC, SOCI, and topographic curvature was examined at the
four SOCI validation sites in the Corn Belt (Fig. S14). Consistent with observations and

interpretations at the 28 sites (Fig. 3), low SOC and SOCI values are observed on the most



convex topography (negative curvature), and the SOC and SOCI values increase as curvature
increases. At the two sites in the till-derived soils (Fig. S14b, c), where the sampling point
density is higher than the other two sites, the full range of values is observed at the transition
from concave to convex topography, an observation consistent with both B-horizon exposure via

water erosion and deposition of A-horizon from tillage translocation at those locations (16) .

Determination of soil parent material

To determine the spatial distribution of till-and loess-derived soils, we used the United
States Geological Survey map of surficial deposits and the inferred ice limit of the last glacial
maximum (LGM) compiled from 31 individual quadrangles mapped at a 1:1,000,000 scale (18).
We presume that areas north of the LGM are composed of soils derived from glacial till surficial
deposits, whereas soils south of the LGM are developed primarily from loess. Loess deposits
have been mapped in the Driftless Area, a region that was not glaciated during the LGM (19).

Hence, we classify soil in the Driftless Area as loess-derived.

Calculation of economic losses

We calculated economic losses based on data for corn and soybean production, as, on
average, these two crops make up 95% (20) of the area planted in each county within the study
area. We used results from a comprehensive study of the influence of erosion on corn yields in
lowa to assess declines in productivity. Prior work has shown that in mollisols, complete topsoil
loss produces similar decreases in crop yields for corn and soybeans (18), hence we assume the

fractional yield losses for soybeans are the same as for corn. We calculate economic losses based



on our estimates of the area with exposed B-horizon soil, and the mean corn and soybean prices,
hectares planted, and yields (Fig. S16) from 2012-2018 using data from the U.S Department of
Agriculture National Agricultural Statistics Service. Corn yields were previously evaluated at
569 sites in 44 counties in lowa, where categorical measurements of soil erosion were also
evaluated (21). The sites include areas where soil parent materials are glacial till and loess. The
erosional severity of soils was classified by the amount of A-horizon remaining, as no erosion to
slight severity (>18 cm remaining), moderate severity (8-18 cm remaining), and severe (< 8 cm
remaining). In soils developed from glacial till, corn yields decreased 55,800 kg km as soils
became moderately eroded and further decreased 81,500 kg km when soils became severely
eroded. Similarly, corn yields in loess-derived soils decreased by 36,400 kg km for moderately
eroded soils and further decreased by 30,700 kg km when soils were severely eroded (21).
Because topsoil has been completely eroded at the sites for which we calculate economic losses,
and thus would be classified as severely eroded, we sum the decreased corn yields from slight to
severe, giving estimated reduction of 137,300 kg km for soils formed from glacial till and

67,100 kg km for loess-derived soils.

Based on the hectares planted of corn (Fig. S16a) and soybeans (Fig. S16d), predicted
areas of topsoil loss (mean loss + 1 S.D.), reductions in corn (Fig. S16b) and soybean (Fig. S16e)
yields due to complete topsoil loss, and the average corn and soybean prices from 2012-2018
(US$0.15 kgt and $0.37 kg™, respectively) (22), we estimate the mean annual economic losses
per county for decreased corn (Fig. S16c) and soybeans (Fig. S16f). Annual economic losses
were calculated as: Annual losses per county [USD county'] = Exposed B-horizon area [ha

county*] * mean yield [kg ha*] * fraction decrease due to A-horizon erosion * crop price [USD



kg™], where USD is U.S. dollars. We further estimated economic losses at the farm-level (Fig.

4d) by dividing the county-level losses by the number of farms in each county (Fig. S16g) (23).

Data availability
Data are cataloged at the Oak Ridge National Laboratory Distributed Active Archive Center

(https://doi.org/10.3334/ORNLDAAC/1774) (24). The archive includes spatial raster data for

topographic metrics (elevation, slope, curvature), soil organic carbon index values, and the
probability of B-horizon soil. Spatial vector data and tabular data with county-, state-, and farm-
level erosion and economic loss values are also archived. The soil organic carbon index values,
derived from the RaCA samples, and used to develop the logistic regression and receiver

operator characteristic curve for each site (such as those shown in Fig. S8) are also archived.
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Fig. S1. The Soil Organic Carbon Index (SOCI) values measured for three soil cores from a
native prairie in lowa and surface soil samples from an adjacent agricultural field. A) True-color
WorldView-2 image showing location of prairie cores (C, D, E) and surface samples from the
field (F) B). Map of topographic curvature where red pixels denote negative curvature (convex
topography) and blue pixels denote positive curvature (concave topography). The SOCI-depth
profiles from the prairie cores are shown in panels C-E. F) The distribution of SOCI values for
surface soil samples collected in the adjacent agricultural field. Locations of the samples are
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shown in panels A and B. Image credit: ©2015 DigitalGlobe, Inc., a Maxar company, NextView
License.
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Fig. S2. Map of erosion classes assigned by the U.S. Department of Agriculture (25). 31% of the
soils in the area have soils with Class 1 erosion, 16% have Class 2 erosion, 3 % have Class 3
erosion, 0% have Class 4 erosion, 15% of soils are classified as having no erosion or as
depositional sites, and classification data are not available for 35% of soils. Class 4 is equivalent
to the complete loss of A-horizon measured by our analysis.
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Fig. S4 Location of study sites with numbers corresponding to study sites in Fig. S17 and in the

ORNL DAAC data repository. The gray circle shows the location of the native prairie and
adjacent agricultural field shown in Fig. S1, and the star indicates the location of the example
field shown in Fig. 2. The dots indicate the location of soil samples collected on convex

topography in native prairies (26) that were used to estimate the organic carbon stock to 30 cm-

depth.
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Fig. S5. An example study site comprised of multiple fields shown in (a) true color and (b)
topographic curvature The black polygons surround plowed fields with bare soil. The field
within the red polygon contains crop residue and such fields are excluded from the analysis, as
are areas such as fence lines and grass waterways where bare soil is not exposed. Image credit:
©2015 DigitalGlobe, Inc., a Maxar company, NextView License.
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Fig. S7. Probability density of B-horizon exposure for each of the 28-sites (gray lines) generated
from 500 iterations of a bootstrapped logistic regression. The red line shows the mean
probability density of B-horizon exposure for all sites.
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Fig. S8. Example of the logistic regression employed to classify soil horizons for the example
field in Fig. 2. a) Logistic regression used for classification of A- and B-horizon soil organic
carbon index (SOCI) values. The SOCI values for the A-horizon samples are shown at zero on
the y-axis and B-horizon values are shown at 1.0. The solid red line describes the mean
probability of an SOCI value belonging to the B-horizon class, and the results from each of the
500 bootstrapped iterations of the logistic regression are shown in gray. The threshold SOCI we
use to differentiate A- and B-horizon soils is the 50% probability of an SOCI value representing
a B-horizon pixel. In this example, the threshold SOCI is 8.0£1.2. b) The receiver operator
characteristic curve for each iteration (gray lines) and the mean of all iterations (red line), which
demonstrates the true- versus false positive classification rate. The mean area under the curve
(AUC), which quantifies the rate of true classification, is 0.75 +0.06.
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respectively, which is the minimum response to soil moisture (from Fig. S10). Vertical dashed
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lines show the SOCI value which represents the 50% probability threshold of a sample being B-
horizon for the dry (light gray) and wet (dark gray) distributions. The SOCI values less than the
threshold are classified as B-horizon. B) The SOCI values calculated from the satellite image,
where red pixels indicate low SOCI values and blue pixels represent high SOCI values. Panels
C-H demonstrate the influence of moisture-induced threshold changes on the classification of
pixels. C) Pixel classification using threshold from dry samples, which is the method used in our
study. D) Pixel classification using A-horizon samples shifted by the minimum moisture effect
and dry B-horizon samples. E) Pixel classification using A- and B-horizon samples shifted by the
minimum moisture effect. F) Pixel classification using A-horizon samples shifted by the
maximum moisture effect and dry B-horizon samples. G) Pixel classification using A-horizon
samples shifted by the maximum moisture effect and B-horizon samples shifted by the minimum
moisture effect. H) Pixel classification using A- and B-horizon samples shifted by the maximum
moisture effect. In all cases (D-H) the addition of soil moisture increases the proportion of pixels
classified as B-horizon relative to the calibration based on spectra from dry soil samples (C).
Image credit: ©2013 DigitalGlobe, Inc., a Maxar company, NextView License
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Fig. S12. The fraction of exposed B-horizon soils for each site calculated using a range of A- and
B-horizon probability thresholds determined by adjusting the SOCI values measured on USDA
Rapid Carbon Assessment (RaCA) soil samples to account for varying degrees of soil saturation.
Triangles represent predicted B-horizon exposure using a threshold calculated from dry samples
(non-adjusted values from the RaCA dataset) and are the values reported in the main text. The
threshold was also calculated using soil organic carbon values adjusted for the maximum and
minimum effects of soil saturation on A- and B-horizon samples (from Fig. S10). With any
adjustment to the threshold to simulate moisture effects, the fraction of exposed B-horizon
increases above that determined using the threshold calculated from the dry samples, indicating
that our reported estimates of B-horizon exposure loss would be minimum values if the visible
spectra recorded in the images we used were influenced by soil moisture.
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Fig. S14. The soil organic carbon index (SOCI) versus soil organic carbon (SOC) (left plot in
each set) for sites A-E in Fig. S13. The normalized SOCI and normalized SOC versus
topographic curvature for sites A-D (right plot in each set). The SOCI and SOC data were
normalized by their maximum values to display their covariation with topographic curvature.
Low soil organic carbon values are observed on convex hilltops (negative curvature), and the
highest soil organic carbon values are found on concave topography (positive curvature). The R?
values for the relationships between SOC versus curvature and the SOCI versus curvature are:
Site A: 0.32 (p <0.01) and 0.27 (p <0.01), respectively; Site B: 0.15 (p <0.01) and 0.14 (p <0.01),
respectively; Site C: 0.16 (p <0.05) and 0.13 (p <0.05), respectively; Site D: 0.1 (p <0.05) and
0.1 (p <0.05), respectively. Number of points for each site: A=51, B=228, C=217, D= 36, E=75.
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Fig. S15. Cumulative area of topographic curvature for the entire study region (solid line) and
the analyzed fields (dashed line). 77% of the pixels in the full study region are located on convex
topography, and 50% of pixels in the 210 km? of fields that were analyzed are on convex

topography.
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Fig. S16. Mean harvest area, mean crop yields, and mean annual economic losses for corn (a-c)
and soybeans (d-f), the combined yields of corn and soybeans (g), the average farm size (h), and
the number of farms in each county (i). Harvest area, yield data, number of farms are from the
USDA (20). The glacial extent prior to the LGM and the extent during the LGM are shown as
dashed and solid lines, respectively.

Fig. S17. [Below] Examples of B-horizon exposure and topographic curvature from each of our
28 study sites. The left panel is a true-color image with black polygons surrounding light-colored
areas predicted to have exposed B-horion soil, and white polygons indicate +1 S.D. of the
predicted area of B-horizon exposure. The right panel is a topographic curvature map where red
pixels denote negative curvature (convex topography) and blue pixels denote positive curvature
(concave topography). The exposure of B-horizon soils is readily observable within each field, as
is the spatial correlation between B-horizon exposure and negative curvature, which
demonstrates the validity of our method. Image credit: ©2013-2016 DigitalGlobe, Inc., a Maxar
company, NextView License.
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Table S1. Citations, locations, and A-horizon thicknesses for 28 samples collected in native

tallgrass prairies. The mean A-horizon thickness is 37 cm.

Study

Location

A-horizon
thickness
(cm)

Weaver and Hanson, 1941 (27)

Nebraska

45

Bockheim and Hartemink, 2017 (28)

Wisconsin

36
25
51
23

Blank and Fosberg, 1989 (29)

South Dakota

25

41



Steiger, 1930 (30)

Nebraska

43

Hirmas et al., 2013 (31)

Kansas

16

Rusle and Engle, 1925 (32)

Nebraska

30

Wills, 2005 (33)

lowa

43
30
35
48
55
24
46
48
26
42
39
47
41
44
35
39
32
36
40
40
38
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